Introduction
During the late 1990's the Colombian economy, similarly to several other emerging economies, experienced a severe financial crisis and economic slowdown. The effects of such crisis were fuelled by a dramatic increase in the default rates of mortgage holders, leading to the collapse of several major financial institutions and a major crisis that persisted for years after the end of the crisis. The behavior of debtors was affected by several separate factors: on one hand, incomes fell, making it difficult for many households to fulfill their payment obligations; on the other hand, debt balances which were tied to a market interest rate increased as the monetary authority stepped in to contain the exchange rate. Simultaneously, and as the crisis ensued, the prices of real estate, which had risen to unprecedented levels since the mid 1990's, fell dramatically.
The estimated cumulative cost of the crisis is above 10% of GDP.
The specific objective of this paper is to evaluate the relationship between individual default and other observable variables under the light of a simple structural model. The estimates can the be used to evaluate counterfactual equilibria under the assumptions of the model. The estimates can also be related to a more general dynamic default model.
Under given assumptions, this general model nests simpler models that can be estimated using variations of standard discrete choice models. It can be shown, for example, that the standard logit and probit models correspond to restricted versions of the model that ignore unobserved correlated shocks and cannot incorporate nonmatching survey information. This paper presents estimations of default probabilities using two variations of the logit model that account for unobserved correlated state variables and for the variation of income as measured in household surveys.
Even though some of the factors mentioned above, such as the interest rate, are relatively exogenous in the sense that they were regulated by the economic authority, they are the result of a complicated macroeconomic equilibrium, whose understanding is beyond the scope of this work. This is therefore a partial equilibrium analysis, in the sense that it doesn't incorporate the higher order effects of economic policy and default behavior on the economic activity, but is nevertheless a very useful benchmark for understanding the short-run mechanics of the crisis and provides a formal framework to a discussion that is not only relevant in Colombia but also in other emerging economies.
The empirical literature on mortgage default is dominated by variations of duration models as in Deng et al (2002) . The advantage of duration models over empirical models based on individual likelihood functions is that they can be estimated even if the default rates are very low. On the other hand, the estimated parameters obtained from a duration model have no clear connection to a behavioral model, much less a dynamic behavioral model. Therefore, its use as a tool for counterfactual analysis is limited.
The structural methodology proposed in this paper provides estimates of the underlying behavioral model, so that counterfactual experiments are conceptually clearer. In a manner that is consistent with the existing literature based on duration models, the model on which the estimation is based is static, in the sense that no attempt is made to solve the dynamic problem of debtors. In contrast to standard duration models, it will be clear from the model what the implications of the assumptions are.
The application is based on a data set that contains the basic characteristics and payment histories of more than 15000 mortgages that were outstanding between 1998 and 2004. The estimation of the model based on individual likelihood functions is feasible, thanks to the very high rates of default observed during the late 1990's.
An additional difficulty of the empirical exercise lies on the fact that no matching information is available on the income histories of debtors in the data set. Therefore, a secondary data set obtained from household survey that matches housing payments and the value of real estate is used to compute the default probabilities from simulated draws of income.
The estimation of the model yields default probabilities with highly significant coefficients. The results indicate that short-term income variation has significant but very small impact on default. Default is mostly affected by the variation of housing prices and of mortgage balances. The implications of this conclusion are discussed at the end of the paper.
The sharp separate identification of the structural parameters relies partly on some singular institutional features of the Colombian mortgage market during the time span of the sample. First, the terms of the individual mortgages didn't use to be negotiated between debtors and financial institutions. In general, mortgage terms were negotiated between developers or construction companies and the mortgage banks, and the terms of the mortgage were transferred to any house buyers, who qualified according to a simple income rule. Second, while mortgage payments were based on a fixed rate on the balance of the loan, this balance was indexed to the market interest rates according to a formula that was determined by the Central Bank 1 . Therefore, the data contains enough exogenous variation to identify a detailed structural model.
The next two sections describe the Colombian mortgage market and the general formal framework. The later section discusses the data, the specifics of the empirical model and the results of the empirical exercise.
The macroeconomic environment
As indicated above, the collapse of the mortgage market was part of a larger macroeconomic crisis that hit Colombia during the late 1990's. In this section we illustrate three macroeconomic features of this crisis that were arguably interrelated: the evolution of 1 Specifically, payments were made according to a fixed rate over the balance of the loan. But then the balance of the loan increased month by month according to a rate fixed by the Central Bank; it used to be that this rate of increase was tied to the rate of inflation but since the early 1990's it was tied to a market interest rate. In any case, the rate was set somewhat arbitrarily by the Central Bank.
GDP, interest rates, asset prices and the exchange rate. Figure 1 shows the drastic decrease of GDP during 1998-1999 and the low rate of growth after the crisis. Simultaneously, the interest rate increased dramatically: figure   2 displays the annualized overnight interest rate charged by banks, which reached levels above 40% in 1998. As the model will illustrate, the sudden and dramatic rise of the interest rates was associated with an equally dramatic worsening of the quality of banks' assets due to increased default. Many banks became insolvent and had to be intervened by the government
The collapse of the market and the fall of households' income was accompanied by a decrease in the value of homes. During the first years of the decade, the elimination of financial restrictions allowed a rapid growth of home prices. This caused a bubble that took prices far away from its long run values. The evolution of housing prices before, during and after the crisis is clear in figure 3 2 .
Finally it is important to highlight the relationship of the conditions in the mortgage market with the evolution of foreign exchange market, even though they didn't affect directly the Colombian households. The financial crisis was in fact triggered by a massive run on the Colombian peso by international investors that forced the Central Bank to first increase interest rates to defend the exchange rate. Once the exchange rate was allowed to float, it depreciated dramatically as illustrated in figure 4.
The correlation of the difficulties faced by the mortgage market and other macroeconomic variables is evident. The model below will illustrate and quantify the causal linkages between the different factors at the household-level using an economic model.
2 Home price indices were estimated by Escobar et al. (2006) 3 A behavioral model of mortgage default and the estimation strategy
The model below is to be implemented with data from the Colombian mortgage market between 1997 and 2004. The most salient features of the Colombian mortgage financing system in those days was that all mortgages had variable rates tied to a regulated interest rate determined by the Central Bank with a formula that was tied to the market deposit rate. Therefore, refinancing was not an easy option for mortgage holders. The (total or partial) prepayment option will be ignored, as prepayments did not seem to be empirically significant (relative to defaulting) during the time-span of the sample and have less social implications than default 3 .
We will study the behavior of mortgage holders ("debtors") who live in the mortgaged piece of real estate ("home"). The utility that a debtor i gets from the home depends on a measure x i of subjective home quality. It also depends on the difference between household income and mortgage payments Y it − R it and an idiosyncratic preference shock ε it which incorporates unobserved (to the econometrician) variables that affect default, e.g. home attributes that are only valued by its owner and other preference shocks that vary across consumers and time. The estimation of the model is ultimately based on the properties of these unobserved variables.
A debtor will choose to default on her mortgage if the utility of making the mortgage payments and staying in her home is lower than the utility generated by not making the loan payment at the time. This alternative, which we will broadly call "default", gives rise to a complex scenario. Specifically, the individual may just be waiting to see whether the following period she can pay back her dues; she may try to sell the home and cash the difference between price and loan balance; she may return it to the bank to cover her obligation; finally, she could also just stop making payments indefinitely and face forfeiture or a renegotiation with the bank. Given the complexity of this alternative (which may also lead to moral or reputational costs), we will use a reduced form for its associated payoff.
Let V it be the value for a debtor of not defaulting on her loan at time t. For debtor i we can write the value of the decision problem at time t as follows:
where u(.) is the instant payoff from consuming the home at period t. W is the value of default which is the weighted sum of payoffs across the complex set of random scenarios discussed above.
An important feature of (1) above is the presence of the continuation payoff βEV it+1 , which can be understood to be the value of the option of defaulting in the future; on the other hand, defaulting gives also rise to continuation values that depend in general on the expected evolution of the state variables. We will consider first a model in which debtors are myopic in the sense that they ignore the dynamics of the state variables. This simplification may lead to biased estimates in certain circumstances.
For example, if the expected evolution of the state space is such that individuals may choose to delay default decisions that appear to be optimal in a static environment, the model will wrongly infer that the consumer has a low marginal utility of income.
It is therefore going to be a good approximation of reality in circumstances where the state variables are stationary or where the correlation of the continuation payoffs and the states is stable across equilibria.
In order to fix ideas, let the static utility be additively separable on observable and unobservable states:
A debtor i will choose to continue paying her dues if the utility of doing so is higher than the utility of default:
where the payoff of default is assumed to be a function of the expected priceP it of the home at time t, the balance K it of the debt and the debtor's income Y it . These are variables that enter directly the payoffs of the individual scenarios that may arise after a default decision, as discussed above. In consequence, the continuation payoff depends on all observed and unobserved state variables.
Let N it = 1 be the event that debtor i does not default at time t. The individual probability of defaulting is the probability that (3) is true. By specifying a parametric distribution for ε we can obtain the individual choice probabilities:
Potentially, the model above can be estimated using maximum likelihood after parameterizing W (.) and specifying the distribution of the error termε it = ε 1it − ε 0it . For example if the errorsε it are assumed to be iid draws from an extreme value distribution and are assumed to be conditionally independent from the observable states (as in Rust, 1987) , the choice probabilities (3) have an analytical solution given by the usual logit form 4 :
The problem of using a simple logit model as in (5) is that it assumes that all randomness is captured by the iid extreme value errors. It rules out the existence of unobserved variables that are correlated with the preferences of the individual 5 . In general, it is desirable to allow the error term to have a richer pattern of correlation across the several dimensions of the data than the simple iid errors in (5). We will accomplish that by decomposing the error into time-and individual-specific components that can be treated in the estimation as fixed or random effects, or that can be conditioned on observed states.
Notice that the described empirical model allows the identification of the structure of debtors' preferences up to its difference with the outside utility W it . This outside payoff cannot be normalized because it presumably depends on the same variables that affect utility.
The estimation of the general model above involves two technical difficulties. First, it requires the computation of the continuation payoffs for every debtor along the estimation algorithm which is a nontrivial computational task with a sample that contains literally thousands of observations. Second, it requires matching data of all observable states at the micro level -specially it requires matching data on individual income over time, which is something that we don't have.
To circumvent the need to compute the dynamic problem along the estimation algorithm, the estimation below is based on a set of structural restrictions that turn
(1) into a static problem. Otherwise, maximization of the sample likelihood function corresponding to (5) would require the numerical computation of the continuation payoffs EV it for each individual mortgage, at every point in time, throughout the estimation algorithm.
Loosely speaking, if the relationship between the states and the continuation payoffs is stable across equilibria, then the estimates of a simple logit estimation are going to be "stable". This stability condition would hold, for example, if the distribution of the state variables is stationary so that the continuation payoffs are a constant.
On the other hand, non-matching survey data will be incorporated into the estimation by integrating the predicted individual default probabilities over the empirical distribution of income, conditional on the observed states. Specifically, the sample likelihood is going to be simulated from draws of income taken from survey data that contains matching information on income and housing values. The details of the simulation method are discussed below.
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.1 The data
The model above is estimated with two separate non-matching panel data sets. The first (or "main") data set contains information on 16000 random mortgages that were outstanding between 1997 and 2002. The monthly payment history of each mortgage, its original and current value and term of the mortgaged home are included. On the other hand, the expected prices of individual homes at any point in timeP it are computed using home price indices constructed by the Colombian Central Bank following Escobar et al (2006) . All data is aggregated into quarters, so that default observations are not confounded with missed payments or coding errors.
Since this main data set contains no information on the income of debtors over the span of the sample, survey data were collected with information on the joint distribution of households income and mortgage holdings (the "secondary" data set).
Specifically, annual surveys conducted by DANE contain large samples of individual household incomes and matching housing payments that can be used to simulate the joint distribution of income and the other state variables. this number fluctuates roughly between 5000 and 8000. Columns (3) and (4) In the data it is observed that sometimes debtors temporarily stop making their
payments. Therefore what 'default' means has to be defined. Specifically in the estimation below, loans that accumulate past due payments of more than 3 months are assumed to be defaulted and are dropped off from the data set. Therefore, 'default' is defined as the event in which the number of past due payments in a loan history changes from 3 or less to more than 3 between two quarters. After a loan is defined to be defaulted, it is dropped off the sample 7 .
The default rate based on this definition (i.e. the number of 'defaults' over the total number of outstanding loans) is displayed in column (5) of the table. This rate reached its peak of more than 6% in the midst of the financial crisis, during the earlier quarters of 2000. Notice, though, that this rate is generally decreasing over the time span of the sample, due to the fact that defaulted loans are dropped from the sample.
A dramatic reflection of the depth of the crisis in these years is the fact that by the end of the sample debtors had defaulted on more than 80% of the loans included in 6 Since default is inferred from the change in the number of past due mortgage payments, the first observation in the first quarter of 1997 had to be dropped from the data set. 7 The default rate based on this definition is highly correlated with default rates based on longer default periods. The 3-month threshold was chosen in order to observe as much default as possible and in order to capture all defaulted loans, including those that are terminated soon after default.
this random according to our definition of default.
There's no direct information on the size of the required monthly payments. It is known though that they were directly tied to the rate of mortgage balance over the remaining term of the loan. The balance of the loan was tied to the market interest rate through a formula established by the Central Bank. Column (6) of Table   1 contains the average real value of the ratio of mortgage balance to remaining term among outstanding loans. Notice that this value increases throughout the whole span of the sample. This increase might have been partly driven by the price of new homes, specially before 2000. Nevertheless, as can be seen in column (7) the real value of the homes in the sample is decreasing throughout the whole time span of the sample, in particular after 2000. Table 2 characterizes the observed correlations contained in the data. Specifically, a linear probability model of non-default was estimated using the definition of default described above. Dependent variables include the mortgage balance, the expected price of the collateral and the remaining term of the loan at each point in time. As expected, default is positively correlated with the balance of mortgages at any point in time and with their remaining term. It is, on the other hand, negatively correlated with the expected price of the collateral 8 .
It must remembered that the whole point of this paper is to isolate the causal effects of each variable on default behavior. The contention is that the described data sets contain sufficient exogenous variation so that the underlying relationships can be uncovered. The correlations described above may be just a reflection of unobserved states that are correlated with the included explanatory variables. In particular, the variation of the unobserved income of individual debtors may be driving the results of the regressions. The last two columns of Table 2 contain results of the model which includes fixed time-effects that capture the component of the unobserved states that is common to all debtors. Notice that the magnitude and statistical significance of the correlations don't change much after the inclusion of the fixed effects which suggests that the unobserved component of the error that is common to all debtors is not correlated with the observed variables included in the regression.
The estimates of the time effects, which are measured with respect to the constant in the second quarter of 1997, are mostly significant. The coefficient of correlation of these estimates and the average income of mortgage holders in the secondary data set is 0.41, which is consistent with the presumption that the time effects are capturing a lot of the common variation in household income.
The literature on mortgage default (e.g. Deng et al, 2003) has documented the fact that the initial loan to value (LTV) ratio of loans is correlated with the risk attitude of debtors who select themselves to different mortgage contracts. As seen on the left hand side columns of Table 2 , there is a significant negative correlation between default and the initial LTV ratio, controlling for current home values and mortgage balances.
As seen on the two right hand side columns of the table, this correlation becomes tenuous and insignificant when using fixed time controls. This implies that the sharp correlation detected in the first set of estimates is not strong within time periods. It is suggestive, though, of the importance of heterogeneity to explain observed default behavior.
Even though the results of these regression estimates are somewhat consistent with the described behavioral model, they are only descriptive. Nevertheless, the significant correlations described above are the basis for the econometric identification of the structural model below.
The empirical model of default
As indicated above, the data sets contain no information on the characteristics of the individual homes. Therefore, it will be assumed that the unobserved "quality" of homes x i is random:
where ε x it is a random error that is potentially correlated over time and across debtors. There is no information on the required monthly payments R it of each debtor. It is known, though, that payments are linear functions of mortgage balances K it and remaining term L it , with some random variation across debtors:
where ε r it is an error term. It will also be assumed that the payoff of default W it (.) is a linear function of relevant states:
where ε w it is the structural error. Recall that this payoff is a linear combination of payoffs across random outcomes payoffs; if these payoffs are linear functions of states, then the linear payoff function W it (.) should be stable across counterfactual equilibria, as long as states don't affect the probabilities of individual outcomes. Notice that a careful interpretation of the function W it is important because the usefulness of the model for counterfactual analysis relies on the assumption that this function will not change when we change the values or the transition probabilities of the state variables.
As explained above the full estimation of the model (1) requires the computation of the continuation payoffs for every debtor at every point in time along the estimation algorithm. The estimation in this paper is going to be based on the assumption that the expected continuation payoff is a linear function of current observed states. Formally:
which implies that the continuation payoff can be written in terms of the observed states is a linear function of the states, and that this linear relationship is stable.
Admittedly, this assumption is very strong. It will nevertheless enable the estimation of the model using relatively standard techniques. Obtained results, in turn, can be easily related to the underlying general model. Substituting (6), (7), (8) and (9) in condition (3), the non-default condition for debtor i at time t can be obtained:
Grouping terms the condition above can be rewritten as:
Therefore the non-default probability will depend on the distribution of the error term
In order to allow a rich correlation across choices we will consider models in which the error is decomposed as follows:
where the term µ i is an individual-specific unobservable state and it is an iid idiosyncratic disturbance. This specification allows individual choices to be correlated over time and across debtors; in addition, this unobserved heterogeneity can be allowed to depend on other observed states such as income which would be equivalent to a model with heterogenous ζ coefficients.
Assume that is distributed according to an extreme value distribution. Then, the individual non-default probability (5) is given by:
Suppose first that µ i = ξ t = 0. Again, N it = 1 stands for the event of debtor i not defaulting on her mortgage at time t. Estimating the parameters ζ of the model above requires the maximization of the sample non-default likelihood predicted by the model. This likelihood is computed by multiplying the likelihood of observed choices across debtors and over time as follows:
where S t is the random set of loans that is outstanding at time t.
The likelihood (14) cannot be computed directly due to the unavailability of matching income data. The non-matching income data from household surveys can be incorporated into the estimation above by integrating the likelihood over the empirical joint distribution of income and mortgage payments. Notice that the individual unobserved effects can also be incorporated into the estimation by assuming they come from a pre-specified parametric distribution and integrating them out throughout the estimation.
Specifically, if we assume that the individual effects µ i are distributed according to some known parametric distribution Φ(σ µ ), the "expected" non default probability is:
where ξ = {ξ t=1...T } is treated as a vector of fixed time-effects that can be estimated for each t. G(. | K) is the empirical distribution of household income at time t, conditional on mortgage balances, which can be inferred from the survey data.
Given any set of parameters {ζ, ξ, σ µ } the probabilities above can be obtained via simulation and the simulated sample likelihood can be computed just like in (14) above:
Estimation and results
To estimate the model, the simulated likelihood (16) was maximized by computing the predicted probabilities (15) using simulation. The first issue to be addressed is the specification of the unobserved debtor heterogeneity. Following the previous empirical literature on mortgage default (e.g. Deng et al, 2003) , debtor heterogeneity will be tied to the initial "loan to value" LT V i = K i0 /P i0 of the mortgage, where t = 0 stands for the moment at which the loan was first started. This specification presumes that debtors select themselves to mortgages with different LT V according to their attitude towards risk.
Accordingly, it is assumed thatε it = ξ t + σ mu LT V iμi + it , so that the unobserved component of utility has a common element ξ t that varies over time, a consumer-specific component σ mu LT V i µ i and an extreme value consumer-and time-specific shock it .
The consumer-specific shock σ mu LT V iμi is assumed to be correlated with the initial leverage of the mortgage, so that its distribution can be separated from the distribution of the idiosyncratic shock. Specifically,μ i is assumed to be a standard normal error, so that the consumer-specific error is normal with zero mean and variance σ 2 mu LT V 2 i . Higher absolute realizations of this unobserved error are associated with a higher initial LT V and are a consumer specific constant that shifts the individual utility function.
On the other hand, the common component of the error ξ t=1,...,T was estimated as a fixed time effect. Therefore, for any set of parameters {ζ, ξ, σ µ }, a consistent estimator of such integral is given by:
where µ j are independent standard normal draws and Y j are income draws taken from the empirical distribution of income, conditioned on housing payments, contained in yearly surveys. The average is taken over J simulations.
Specifically, the survey data contains random observations of households' income and mortgage payments of homeowners 9 , while the main data set contains information on the balances and maturities of outstanding mortgages. It is assumed that the distribution of monthly mortgage payments is the same as the distribution of balances over the remaining maturity of mortgages K it /L it . Therefore, the quantiles of the distribution of K it /L it in the main data set correspond to the quantiles of the distribution of income for the households that are making mortgage payments. In computing (11), draws of {P it , K it , L it } are therefore matched with random draws of Y it from the same conditional distribution quantile. Given that surveys with mortgage payment data are only available at the yearly level, the distribution of income conditional on mortgage payments is interpolated to remaining quarters, by assuming that the income distribution was constant within years.
Four versions of the model were estimated with results reported in Table 3 . In model 1 it is assumed that µ = ξ = 0; in model 2 µ = 0 and in model 3 ξ = 0. Model 4 is the full model as in (17). The displayed results of models 1 and 3 were obtained simulating 20 income draws for each observation from the corresponding income quantile in the secondary data set. Due to the size of the involved matrices, models 2 and 4 were estimated from 10 income draws per observation; in addition, a random subsample of 1/4 of the simulated sample was taken to alleviate computer memory restrictions. To
give an idea of the computational magnitude of the estimation, the size of the matrix of regressors after subsampling in model 4 was (572600x34). The reported standard errors were obtained using the standard formula and are very robust to alternative specifications.
Given the rich variation of the data documented above, it is not surprising that the estimates are highly significant. An exception is the income coefficient in models 2 and 4, whose high standard errors are presumably due to the lower number of in-come draws used in its estimation. Consistently with the correlations reported above, higher balances and longer remaining terms induce lower non-default probabilities. On the other hand, higher expected home prices induce higher non-default probabilities.
Similarly, higher income is associated with higher non-default, which is not surprising. Table 3 also reports the computed average marginal effects of each variable on the non-default probabilities. As can be seen, these average effects are all comparable to the reported results from the linear probability model and mostly similar. One likely exception is the marginal effect of the expected home price which is consistently higher in the structural estimation than in the linear model, the magnitude of the difference being both statistically and economically significant.
Given the environment faced by debtors during the time span of the sample, the salient feature of the results is the estimate of the income coefficient. The statistical significance of the coefficient is not surprising given the sharp correlation of income and default reported above. What is somewhat surprising is its very low economic significance. As indicated in the table, in average a marginal increase of COL$10 million a month in 1998 which is well above the mean of COL$0.6 million, induces an increase in the non-default probability of 0.2%. On the other hand, an decrease in the price of home of COL$10 million in 1998, which is less than the average loss of housing values in the sample between 1998 and 1999, induces an increase in the default probability of around 0.2% 10 . This magnitude is not insignificant, given the magnitude of the default rates, which is between 1% and 6%.
Notice that this results are robust to specifications that control for the random heterogeneity that might be correlated with the observable covariates. Specifically, it might be argued that income, balances and housing prices might be correlated with an unobservable variable that hit the default probabilities of all debtors. It is difficult ascertain what such a variable can be, but it might be the case that once default rates increased, debtors anticipated that renegotiating the terms of the mortgage was easier.
On the other hand, it might also be argued that the observable variables might be correlated with unobserved individual-level heterogeneity due to endogenous selection of debtors into specific mortgage terms.
Nevertheless, the results of the estimation are robust to the inclusion of fixed timeeffects in models 2 and 4 and to the inclusion in models 3 and 4 of a normal unobserved heterogeneity that is correlated with the initial LT V and, at least indirectly, with current realizations of K i and P i . As indicated above, the addition in models 3 and 4 of the normal error that is correlated with LT V i aims to capture the fact that even conditional on the unobservables, default rates might vary across consumer types who select themselves into homes with different prices.
Notice that the coefficient of the individual-specific error is significant and negative, which means that default rates of debtors are negatively correlated across initial LT V values due to underlying heterogeneity. The estimates of the fixed time-effects, which account for unobserved aggregate shocks that are not correlated with observed variables are large. As seen in Figure 1 , this time varying constant which is measure with respect to the constant at the initial period exhibits a large correlation with the aggregate default rates.
It has to be said that this time effects are quite large. In other words, the observed variables in the model cannot account for a big portion of the time variation of default behavior. This is not surprising given that most of the variation on which the identification of the model is based is cross sectional and dynamic effects have been ignored.
The results are nevertheless reassuring of the econometric validity of the obtained estimates, in the sense that the the observed states variables don't appear to be correlated with the unobservables.
The results above strongly suggest that, conditional on the specified behavioral model, household income variation was not the driving force behind the dramatic increases in mortgage defaults during the late 1990's. The variation in the price of the collateral and the increases in the size of the mortgage balances seemed to have played a more important role. In the following section a more precise evaluation of these impacts is performed. The role of other unobserved factors is also discussed.
Fit of the model and additional results
As seen in figure 1 , the model can trace satisfactorily the aggregate default rates. Aggregated over time, the default rate reached 86%, which is a dramatic figure; it means that 86% of the household in this random sample accumulated past due mortgage payments for more than 3 months 11 . The difference between this observed overall default rate and the rate predicted by the model is of less than 0.5%. As indicated above, though, much of the time variation of default behavior is driven by an unobserved aggregate shock, equivalent to a time-changing model constant (more on this below).
In this sense, the model is better suited to understand the variation in default across debtors at any point in time.
In order to isolate more clearly the impact of individual factors on default probabilities, the model can be used to compute them directly. Table 4 contains default probabilities for an "average" debtor with different values of the observed states, keeping the other values at the average value they had at the beginning of the sample 12 .
The probabilities are computed for values of L, P and K that lie at the center of the quintile of their distribution.
Notice that predicted default probabilities for this "average" debtor are very sen-11 If instead of defining default as the accumulation of 3 or more months of past due payments we had used a threshold of 6 months, the accumulated default rate over the time span of the sample would have been 49%, which is still a staggering figure. 12 Specifically, default probabilities were computed forK = In figure 6 it can be seen that, perhaps surprisingly, the predicted default rates of wealthier households are consistently higher than the predicted default rates of poorer households, despite the fact that income has a negative effect on the probability of default. This difference is almost 15% at the beginning of the sample period and tends to disappear over time as the pool of debtors shrinks. In fact, the predicted aggregate rate of default is 90% for debtors in the upper tail of the income distribution and 84%
for debtors in the lower tail. For debtors located around the median of the distribution this rate was 86%.
This effect is not an artifact of the wealthier households having more expensive homes, which itself induces higher default rates; as seen in figure 7 , the difference between the average predicted default rates of households in the upper and lower tails of the distribution of housing prices is around zero at the beginning of the sample period and negative in the latter periods, which means that, if anything, default rates were higher for debtors with relatively low-priced collateral. In fact, the accumulated default rate is 81% for homes in the lower tail of the price distribution, whereas it is 86% in the upper tail. For debtors located around the median this aggregate default rate was 88%.
In figure 7 it can be seen that default rates are consistently higher for loans with longer remaining maturities. This is of course a direct implication of the fact that it is easier to default on young mortgages that have small accumulated equity. But then the positive correlation of income and default has to be a result of an underlying concentration of mortgages with long remaining maturities in the hands of relatively wealthier households. This, in turn, is a reflection of the credit boom that preceded the time span of the sample.
This section finishes with a discussion about the variation over time of the predicted default probabilities. As indicated above, the model is not very well suited for predicting the variation of default probabilities over time, as much of it is explained by an unobserved aggregate shock which was estimated taking advantage of the panel structure of the data. The estimation results implied that this "error" is not correlated with the observed states. It is difficult to argue that these shocks are random, but it is also difficult to infer from the data what drives their evolution.
The model doesn't explicitly include aggregate variables, because it would be difficult to establish any meaningful causal connection to the observed default behavior.
For example, figure 8 displays the fixed time-effects estimated in Models 2 and 4 and the average 90-days deposit interest rate, which is regarded as a good measure of the opportunity cost of liquid assets in Colombia. As can be seen, the time-effects and the interest rate seem to be somewhat negatively correlated: their correlation coefficient is around -0.1. Inferring a causal relationship from this correlation is not possible, due to the fact that the interest rate is presumably correlated with other unobserved aggregate variables that drive the variation of default over time. Notice, though, that the estimated time-effects isolate the effects of aggregate variables on default. Therefore, they can be used to construct a statistical model relating aggregate shocks to default, which is beyond the scope of this study.
Summary of the estimation algorithm
The estimation of the model above is based on the computation of the simulated likelihood of the sample across observations:
• Organize the income data from highest to lowest housing payments using the surveys that contain both. Separate observations into quantiles; this joint distribution of income and housing payments is assumed to be equivalent to the joint distribution of income and K it /L it . Organize the observations of {P it , K it , L it , LT V i } from highest to lowest K it /L it and separate it into quantiles.
• For each loan in the sample generate a number J of standard normal draws ε i that are constant over time. Match these draws with J random draws with replacement from the corresponding quantile of the distribution of Y jt , conditional on the mortgage payments. Keep these draws constant throughout the estimation.
• Set the vector of parameters {ζ 0 , σ µ0 }. ComputeL 0 using (16) and (17) using the "simulated" sample described above.
• Look numerically for the set of parameters {ζ * , σ of the sample. Compute the standard errors of the estimates using the usual methods.
Concluding remarks and further research
This paper has developed an empirical model of mortgage default, whose estimates can be related to an underlying behavioral model. Methodologically, the paper illustrated the kind of assumptions needed to obtain a model that can be estimated using variations of a simple logit model. Still, the model improved upon the standard logit/probit framework in two ways: First, the model is estimated using non-matching panels of income and mortgage payment data. Second, the model allows for the presence of persistent heterogeneity across consumers.
The resulting technique is similar to a standard discrete choice model, except that the non-matching income data and the unobserved heterogeneity are incorporated into the model using simulation techniques. The main result of the paper is that income variation had a very small effect on the default probabilities, compared with the effect of housing prices and mortgage balances (which were tied to a market interest rate), which is consistent with a model of rational default behavior.
It is also found persistent debtor heterogeneity is found to be statistically significant.
Moreover, it is found that at any point in time and given the joint distribution of states, default rates were higher for higher income households. The estimation also allows the estimation of an aggregate time-varying common shock that seems to be the driving force of the variation of default over time.
This paper leaves two open avenues for continuing research. First, the estimated aggregate shock can be used to construct a model that ties it to the evolution of the macroeconomic environment. Second, the estimation of the model relied on a simplified treatment of dynamics. Due to the size of the sample, estimating a fully dynamic model is complicated. It would require the computation of consumer-specific continuation payoffs along the estimation algorithm, which is computationally difficult. 
